Rapid reaction in the face of an epidemic is a key element in effective and efficient control; this is especially important when the disease has severe public health or economic consequences. Determining an appropriate level of response requires rapid estimation of the rate of spread of infection from limited disease distribution data. Generally, the techniques used to estimate such spatial parameters require detailed spatial data at multiple time points; such data are often time-consuming and expensive to collect. Here we present an alternative approach that is computationally efficient and only requires spatial data from a single time point, hence saving valuable time at the start of the epidemic. By assuming that fundamental spatial statistics are near equilibrium, parameters can be estimated by minimizing the expected rate of change of these statistics, hence conserving the general spatial pattern. Although applicable to both ecological and epidemiological data, here we focus on disease data from computer simulations and real epidemics to show that this method produces reliable results that could be used in practical situations.
M
any important epidemiological and ecological phenomena are strongly influenced by spatial heterogeneities because of the localized nature of transmission or other forms of interaction (1) (2) (3) (4) . Predicting the dynamics of these populations requires detailed estimates of spatial parameters and the mechanisms involved (5) (6) (7) (8) (9) . Of great importance is determining the spread of invading organisms (1, 7, 9) ; in particular, recent events have focused attention on the spread of human, livestock, crop, and wildlife diseases (10) (11) (12) (13) , as well as the invasion of weeds, invertebrates, and material from genetically modified crops (14) (15) (16) . In such cases, rapid estimation of spatial spread is a vital step in determining an appropriate level of localized targeted response and, hence, bringing the invasion under control (17, 18) . The technique described here can efficiently determine the required spatial parameters from the type of single snapshot data available soon after invasion, which could dramatically improve the response time to epidemic threats.
Traditionally, spatial parameter estimation has been achieved by three main methods. The first method is through observation or experiment, in which the spatial kernel (which measures how the action or interaction of organisms changes with distance) is measured directly (19, 20) . Although such practical methods are intuitively appealing, they are generally difficult to implement, labor intensive, and time consuming. A second method is to study the expansion around a single focus and, hence, impute the rate and form of spread (5); however, this technique can only be applied to a limited number of situations. Finally, in recent years, Markov Chain Monte Carlo (MCMC) analysis has been used to estimate parameters from spatial data (21) (22) (23) . This technique analyzes the set of plausible transition pathways between two spatial configurations; hence, it requires two snapshots (or restrictive assumptions about initial conditions) and is frequently computationally intensive.
Here we outline an alternative approach that only requires a single snapshot and relies on conservation of the basic spatial patterns through time. The intuitive concept underlying this approach is to find a set of parameters that minimize the expected rates of change to the spatial pattern, which assumes that the spatial snapshot provides a balanced representation of the full dynamics, that the spatial domain is homogeneous, the spatial spread is not limited by boundaries, and the parameters and mechanisms have remained constant during the formation of the spatial pattern. These limitations are explored more fully in Discussion. The technique is tested by using simple lattice-based data generated by computer simulation with known parameters and for epidemiological field data for the spread of citrus tristeza virus in a plantation and for the recent foot-and-mouth epidemic in the U.K.
Estimation Approach
In the simplest formulation of this method, we consider a spatial population on a discretised grid that is at statistical equilibrium (24) . Here, statistical equilibrium means that although the lattice is dynamic and the precise distribution of organisms may change over time, the major statistics only exhibit small stochastic fluctuations. Generally, most ecological and epidemiological systems are expected to quickly reach statistical equilibrium once the initial transient dynamics have died out. We now define a simple measure of spatial pattern, calculate the expected rates of change of this pattern, and hence formulate a single composite parameter that should be small at statistical equilibrium.
As a representation of spatial pattern we measure the spatial pairs, P XY (d), equal to the number of sites of types X and Y that are a distance d apart (where d is rounded to the nearest integer for convenience). Intuitively, this measure is of the spatial correlation; such pair-wise measures are commonly used in ecology to provide a simple estimate of the degree of spatial structure. Because the lattice is dynamic, the spatial pairs are continually changing as events, such as birth, death, or infection, happen. For every point (i) in the lattice and every possible event (E i ) that can occur there, the event will cause a change to a wide range of spatial pairs
. For example, a single infection event will cause the loss of pairs that contain a susceptible individual at a range of spatial separations and the gain of pairs that contain an infected site.
The rate of change of these spatial pairs and, hence, the change in the spatial pattern can be calculated by incorporating the rate at which each event is likely to occur. Thus, more frequent events have more of an impact on the expected rates of change:
If our assumption of statistical equilibrium is correct, then the rates of change of all pairs at all distances should be very small for the true spatial parameters (see supporting information, which is published on the PNAS web site). We therefore seek the set of parameters that minimizes these rates of change, thereby maintaining the spatial pattern. In particular, we wish to minimize the total deviation from zero, :
where XY is a normalizing constant such that all distances and pair types contribute equally (see supporting information). In general, this constant is given by
where N(d) is the total number of pairs at a given distance on an infinite lattice, X and Y refer to the density of sites of type X and Y, and StD( dX dt
) is the standard deviation in the rate of change of X and provides a measure of the fluctuations expected (see supporting information). For epidemiological problems, for which the dynamics are a simple progression from susceptible through infected to recovered, the normalization constant can be approximated as
The N(d) term assures that local correlations play an equal role to more distant correlations, although there are more combinations of pairs that are separated by longer distances. Moreover, very long distances, such as those between opposite corners of the lattice, play a very minor role. The second term in the denominator takes into account the fact that more common pair types will necessarily be associated with the highest rates of change. The minimization of can be calculated with considerable efficiency. The quantity ⌬ Ei P XY (d) is parameter-independent; therefore, the time-consuming step of calculating these values only needs to be performed once. After the initial calculation of these conserved quantities has been performed, calculating the deviation () for each new set of parameters is relatively quick and scales linearly with both the number of possible events and the number of distance intervals considered. The following times correspond to calculations made with a standard 2.4-GHz personal computer: For a small dataset with a 36 ϫ 28 lattice (see Fig. 3 ), Ϸ700 deviations can be calculated per minute; even for very large datasets with a 200 ϫ 200 lattice (see Fig. 2 ) and Ϸ140,000 farms (see Fig. 4 ), the calculation only drops to Ϸ16 deviations per minute.
A Basic Test. Fig. 1 considers a simple pattern of organisms distributed on a lattice ( Fig. 1 A) that is assumed to be at statistical equilibrium. We can use the technique outlined above to determine the deviation associated with the colonization of each empty location and, hence, find those sites that maintain the current pattern. Intuitively, it can be seen that the pattern is aggregated at intermediate length scales while locally strong density dependence acts. This pattern is reflected in the density of occupied pairs at a given separation, P XX (d)͞N(d) (Fig. 1B) , which shows strong positive association at distances d ϭ 2-4 but very few occupied pairs separated by long (d Ͼ 8) or very short (d ϭ 1) distances. We now suppose that the total death and birth rates are equal, so that the population level is at statistical equilibrium. Fig. 1 A (gray squares) shows the deviation in the occupied pairs caused by a birth event at each site compensating for the death of a randomly chosen organism. In particular, for a birth at site i, the deviation is calculated as
where X refers to occupied sites. The most likely candidate sites ( Fig. 1 A, darkest gray) agree with our intuitive expectations, preserving both the general aggregation and local density dependence. Although simple and rapid to implement, this predictive ability has strong practical benefits. In terms of disease or pest management, those regions identified as the most likely sites for imminent colonization should be the principal objectives of further investigation or control. This use of model prediction for targeting control efforts could significantly increase their efficiency compared with simple nontargeted approaches (18) .
Estimation During Invasion. Although the statistical equilibrium assumption is likely to be true for many ecological systems and endemic diseases, those of greatest importance are often in flux. In particular, it is often vital to estimate the spatial spread of an invading organism or disease. In such situations, although the proportion of invaders, I, may be rapidly increasing, the conditional pairs (defined as P IX (d)͞I; the expected number of X sites a distance d away from each invader I) remain constant throughout much of the invasion (25) (26) (27) . This phenomenon is illustrated in the supporting information, which shows that from the early stages of invasion, the local pattern around each invader shows little variation. Intuitively, this lack of variation occurs because each invader rapidly sets the correlations within its own local environment, and so the shape of the invading wave-front generally changes slowly as it advances.
In this invasive situation, we therefore seek to minimize the deviation, , associated with expected rates of change in such conditional measures:
[6] Intuitively, minimizing the derivation conserves the nature of the invading wave front and the pattern that has developed behind it.
Estimation from Disease Data
Comparison with Models. We now wish to test our methodology with a simple lattice-based model of spatial disease spread, which will allow us to verify the accuracy of the estimated parameters by comparing them to the known values used in the simulation. The spatial disease model takes the form of a cellular automata; a type of model that has been extensively used in the study of spatial dynamics (1, 4, 24) . We begin with a square lattice of sites, where each site represents a single individual. To mimic the dynamics of disease, each site can be in one of three states: susceptible, infectious, or recovered. Susceptible individuals who are a distance d from an infectious site catch the disease at rate K(d) and become infectious themselves. K is the transmission kernel and measures how the risk of infection changes with distance; in our example we assume this kernel has a Gaussian form,
When there are multiple infectious sites, the transmission rates are simply added together. Infectious individuals are assumed to recover at rate 1; this sets the basic time scale of the simulation, so that all rates are effectively measured per infectious period. Recovered individuals become susceptible at rate ␥ ϭ 0.05, which can either be considered as waning immunity or demographic replacement by newly susceptible individuals. This model leads to a susceptibleinfectious-recovered-susceptible framework (28) in which transmission is predominantly local but replenishment of susceptible individuals is at random.
We now utilize this lattice-based model of disease spread to examine how well the estimated parameters match the known values used in the simulation. The initial invasion occurs as a spreading wave ( Fig. 2A) , which clearly is not at statistical equilibrium, although the values of the conditional pairs quickly asymptote (see supporting information). It is assumed that the infectious period is known, which sets the basic time scale of the interactions. In addition, by fixing the recovery period to the value used in the simulation (␥ ϭ 0.05), the deviation in conditional pairs, , associated with different Gaussian transmission kernels can be calculated (Fig. 2B) . The minimum deviation occurs at P Ϸ 0.1686 and V Ϸ 4.9989, which is in remarkable agreement with the actual parameter values (P ϭ 0.16 and V ϭ 5; Fig. 2B, yellow dot) . The diagonal line of minimal values corresponds to kernels with the same basic reproductive ratio, R 0 ; thus, small errors are unlikely to change our estimate of this most important epidemiological quantity. The optimal Gaussian kernels (which minimize the deviation) for this and two other snapshots are shown in Fig. 2 C-E. These best-fit results (red) are in close agreement with the actual kernels used in the simulations (black). For these three simulation snapshots, estimates of the full set of parameters, including the recovery period, are shown in Table 1 ; additional results are given in supporting information.
Citrus Tristeza Virus. We now apply this conditional technique to a snapshot of disease (citrus tristeza virus) spread through an orchard (22, 29) (Fig. 3) . Because this disease is known to have susceptibleinfectious-type dynamics [trees do not recover from infection (29) ], only the transmission kernel needs to be estimated. Three distinct kernel forms are considered: Gaussian (red), exponential (green), and power-law (blue). The width of these kernels is modified, whereas the total infection rate per individual (and hence R 0 ) is kept constant. For a range of kernel widths, Fig. 3B shows the deviation, , against the average dispersal distance; the power-law distribution has the clearest and lowest minimum, suggesting that this kernel is the best fit to the data.
The optimal power-law scaling of ϷϪ1.35 is in close agreement with the value previously identified by MCMC analysis with two snapshots from consecutive years (22) ; however, our technique can elucidate transmission mechanisms in the first season without the need for a second sample. The optimal power-law kernel identified (Fig. 3C) shows a significant amount of transmission over longer distances. The ''fat-tailed'' nature of this distribution has strong implications for the long-term growth of this disease and its spread to other orchards (1, 5, 7) . However, without detailed data about longer-range behavior, the precise nature of the tail is largely based on extrapolation from the more local dynamics. The other best-fit kernels show little variation with distance and, hence, would predict almost simple mass-action transmission. The results from all three kernels imply that a significant amount of long-distance spread occurs, which suggests that control measures should also be spread over a wide area and not simply focused on nearby trees.
Foot-and-Mouth Disease. Finally, we consider the data available during the early stages of the 2001 foot-and-mouth epidemic in the U.K., which illustrates the power of the methodology. The footand-mouth epidemic had a devastating impact on the farming industry and on the U.K. economy in general. From the early stages, spatial modeling played an important role in understanding the observed dynamics and assessing the likely impact of control measures (30, 31) . However, in the early stages of the epidemic, the degree of spatial spread and even the reproductive ratio of the disease was unclear (11) . By using conservation of the conditional pairs, we examine snapshots of the reported case data from March 2001. Each snapshot consists of the farms reporting infection in the previous week, which introduces two temporal delays: The first is the 9-day delay from infection to reporting; the second is the week's worth of reported data that is used in each snapshot. The exact spatial location of the farm is used in this estimation, but the conditional pairs information was aggregated into 1-km intervals. Fig. 4 B and C shows the position of reported farms within the U.K. and the number reported on each day; these results are color-coded by day of reporting. During early March the disease is found in several small, widely disseminated clumps, whereas by late March the disease is clearly aggregated in three key areas (Cumbria, Devon, and the Welsh borders). The estimation procedure reflects this trend (Fig. 4A) . In early March, the low local density of reported farms leads to a low estimation of the reproductive ratio, R, and a fairly compact transmission kernel. In part, these results are because the observed pattern is caused by two separate processes, with infections arising before the movement ban on February 23 being much more widely disseminated.
By mid-March the spatial pattern is predominantly defined by the post movement ban transmission kernel, and hence reported farms are highly aggregated in concentrations of high density. The estimated parameters from this time period are in good agreement with the reproductive ratio and spatial spread observed during the epidemic. Fig. 4D shows the power-law transmission kernels estimated from reported cases for the week ending on March 10, 20, and 30. These kernels are compared to the transmission kernel used in more sophisticated spatio-temporal models (17) , for which the shape of the kernel is derived from tracing the most likely routes of infection. Clearly, the estimation technique is correctly identifying both the magnitude and the spatial scale of the infection process. Thus, although the detailed temporal resolution of the 2001 footand-mouth disease data allows parameter estimation by means of more standard techniques, our methodology produces comparable results and is far more computationally efficient (taking only 2-4 seconds to calculate the deviation for each parameter set). In addition, this technique can estimate parameters from any point in the epidemic without having to know the history, which could be a significant advantage if the epidemic has been spreading unnoticed for some time.
Discussion
The methodology outlined here provides a robust tool for estimating important dispersal and spatial parameters from a single spatial picture. Collecting spatial data is frequently a very time-consuming and difficult process; therefore, an estimation method that can work from a single spatial sample has vast practical benefits. Such spatial snapshots could be the results of a detailed ecological study, an aerial photograph, or even satellite imagery. The use of this technique, although not completely removing the need for secondary follow-up studies, can refine these subsequent studies by providing accurate estimates from the initial sample.
Traditional methods of estimating spatial parameters have usually required direct observation of the processes in question, which is generally labor intensive. Recently, MCMC analysis has proven to be an increasingly popular tool for estimating parameters within the biological sciences, and this technique can also be successfully adapted to use spatial data. When appropriate multiple spatial data are available, then MCMC analysis is frequently the method of choice. However, given the scarcity and cost of obtaining multiple spatial samples and the computational overheads associated with MCMC, the efficient estimation technique given here has many practical advantages. Our estimation technique can also be used with multiple snapshots by simply minimizing the deviation across all snapshots.
Parameterization from three distinct spatial snapshots (the disease model, citrus tristeza virus in an orchard, and foot-and-mouth disease within the U.K.) has shown the power and robustness of this technique. The results from all three snapshots are in remarkable agreement with the known values or the parameters already derived by more complex and intensive estimation methods. The data from the two real epidemics demonstrate the practical application of this technique, enabling us to predict the degree of spatial spread without the need for detailed temporal data. The citrus tristeza virus dynamics show a high proportion of long-range infection events, with a transmission kernel that decays slowly with distance; thus, such treatments should be applied throughout the orchard and even further a field. In contrast, estimates from the foot-and-mouth data predict very localized transmission kernel; therefore, control should be targeted toward farms in the local vicinity. The footand-mouth data also highlight two difficulties with our estimation technique; we have implicitly assumed that the pattern is caused by a consistent transmission process and that the infection is free to spread without bounds. However, the implementation of a movement ban on February 23 (11, 17) that shortened the transmission kernel and the finite shape of the U.K., which constrains the early long-range spread of infection, limits the accuracy of the estimation during the initial phase of the epidemic.
Throughout this study, it has been assumed that the snapshot provides a comprehensive picture of the spatial dynamics. However, this assumption can be violated in several ways described below.
Multiple Seeds. If there is no temporal variability, then invasions are generally rare, so experiencing two independent invasions is very unlikely and invasions at a single point are the norm. When there are two (or more) independent seeds, our estimation method can experience difficulties because of correlations between the invading wave fronts; although, as shown in the supporting information, problems only arise when the wave fronts get particularly close.
Boundary Effects. In some applied situations, the spread of a disease or an invading organism is prevented by natural boundaries. For example, the spread of West Nile Virus in the U.S. from its initial outbreak in New York State was predominately westerly (12) because the Atlantic formed a barrier to the east. Similarly, rivers can act as partial boundaries to the spread of rabies (32) that will again disrupt the spatial pattern. In such cases the inclusions of points close to the boundary may bias the estimation process (see supporting information).
Spatial Heterogeneities. Strong spatial heterogeneities in the parameters pose a significant problem for any estimation technique. For our methodology to determine the spatial heterogeneity in parameters, correlations would have to be specified in terms of distance, direction, and location. This increase in dimension makes the methodology unworkable. However, as shown in the supporting information, the aggregate results from the standard approach are still appropriate even with moderate amounts of heterogeneity.
We conclude that the method will fail when, for example, data are included close to a natural boundary, but overall our analyses show that, although the basic assumptions are not always valid, the estimation technique appears to be robust to moderate spatial heterogeneities and multiple seeds before coalescence of invading wave fronts.
Throughout this work we have focused exclusively on estimating parameters for the spread of diseases by using presence-absence data. Although this application is clearly one of the most important of this technique, there are a variety of other uses, from the invasion of unwanted species to understanding the spatial interactions of competing organisms. The study of disease dynamics at this scale is simplified as the dynamics at each location undergo clear successional changes, and there is only the one spatial kernel that defines the transmission of infection. When the dynamics at each location are more complex, such as in multispecies ecological models or when prevalence data are used, then the normalization constant will need to be redefined (see supporting information), and more than one defining time scale (compared with the infectious period) may be required. For ecological situations, such as the spread of plants or animals, at least three spatial kernels may be needed: defining effects of competition on the death rate, competition on fecundity, and the dispersal to new locations. When multiple interacting species are involved, the number of kernels increases quadratically, causing additional difficulties because of the number of parameters that require estimation. This generic feature of such ecological systems is not specific to the technique developed here; however, it does illustrate the difficulties that can be encountered when the rapid estimation of parameters is essential.
When dealing with an invading organism or disease, delays can often prove costly. Because of the rapid exponential growth of such invaders, control measures should be implemented as soon as possible to maximize their effect. The recent outbreaks of footand-mouth in the U.K. (17) and severe acute respiratory syndrome worldwide (13) have reemphasized this epidemiological rule. However, control measures (such as culling farms at risk of foot-andmouth, mass quarantine against severe acute respiratory syndrome, or vaccination of individuals against small-pox) often have high associated costs. Therefore, although it is imperative that control measures are strong enough to eradicate infection, they should not be so intensive that their effects are detrimental. Hence, the ability to ascertain the level of spatial spread and therefore optimize control measures from the earliest set of data has substantial benefits.
